A cruciAl aspect of neurosurgery within or close to eloquent cortex is the preoperative identification of brain regions involved in a number of cognitive, sensory, or motor tasks. In the presurgical assessment of language, both the localization 38 and lateralization 28,32 of functional areas are essential for the prevention of postoperative deficits such as aphasia and dysarthria. More specifically, assessing language lateralization in patients with epilepsy is challenging and complex because of their atypical language network. Language structure among this group tends to be more variable, 40 less lateralized,
complications, such as bleeding 20 and infection, 18 and usually involves significant patient discomfort. Moreover, the interpretation of the Wada results may be problematic, as there is no standard procedure for testing language and memory, and in a minority of patients it can produce false lateralization. 27 Thus, the validity of the Wada examination is still a matter of debate. 27, 30 Due to these issues, the clinical use of noninvasive imaging methods for language lateralization, such as functional MRI (fMRI), is becoming increasingly popular, particularly for patients with epilepsy. 1, 2, 20 The common practice of presurgical language mapping involves neuropsychological tests, clinical evaluation, and a qualitative examination of fMRI activations. However, over the years multiple quantitative fMRI-based lateralization measures have been proposed. In its most basic form, a lateralization index (LI) is a value between 0 and 1 detailing the relation of activity between homolog clusters from both the left and right hemispheres. 2, 17, 28, 31, 34, 36, 44 Since neurosurgeons are typically interested in classifying patients as having left, right, or bilateral language lateralization, classification algorithms can be of much assistance. Traditionally, these methods used an activation cutoff threshold to classify patients into laterality groups, 22 but this strict classification can be risky, as misclassifications are unavoidable. 1 Instead, providing the clinical team with language processing lateralization probabilities could be of more benefit. Such a task calls for the utilization of probabilistic machine-learning algorithms, a growing field with multiple applications in medicine, 9 ranging from the diagnosis of skin lesions 19 to predicting pneumonia mortality. 14 Specifically, the task of the algorithm used in this study was to analyze and learn the fMRI-based LI patterns of a large group of patients so that it will be able to probabilistically classify new patients as belonging to different laterality groups (left, bilateral, or right) without the need to perform an invasive Wada procedure for language testing. Moreover, we evaluated various approaches for fMRI lateralization analysis to improve upon common practice; this included establishing optimal activation thresholds and stimuli modality (auditory or visual), assessing the need for invasive validation, and determining the most suitable brain regions for analysis. Finally, additional nonimaging variables, such as hand dominance, neuropsychological testing, age of epilepsy onset, and lesion side were combined with the imaging data to test for the ideal data combination for lateralization classification.
methods patients
The patient group for this study consisted of 76 patients suffering from intractable epilepsy (39 females and 37 males), 44 of whom were right handed (see Table 1 for demographic characteristics). All patients were candidates for surgery and were referred to the functional brain center at the Tel Aviv Sourasky Medical Center (TASMC) for fMRI for presurgical evaluation for the localization and lateralization of language-related functional activity. In addition to fMRI evaluation, a Wada examination for language and memory lateralization was performed on 28 of these patients, all lead by the same neuropsychologist from our center. Using the Wada test, it was determined that 17 patients had left hemispherical language dominance, 5 had bilateral, and 6 had right dominance. The results obtained in this group of 28 patients were used for the initial probabilistic classification of group LI distributions, while testing was performed in the remaining patients to refine these probabilities in a semi-supervised machine-learning procedure (see Machine Learning section). Neuropsychological tests were performed on 50 of the 76 patients (Table 2 ). This study was approved by the institutional review board of the TASMC.
the fmri protocol
Functional MRI examinations included 2 verb-generation tasks (auditory and visual), during which patients were asked to covertly generate a verb in response to various nouns being presented. The verb-generation task has been found to be reliable in prompting repeated activation of language areas in many fMRI studies 10, 15, 45 and has been widely studied as part of a presurgical mapping protocol. 35, 36 Additionally, in comparison with alternative fMRI paradigms, the verb-generation task has been shown to be the task most highly correlated with Wada laterality results. 36 Twenty-one common Hebrew nouns were presented in blocks of 7 nouns, with each block requiring 20-22 seconds. Each of the 7 nouns in a block was presented for 500 msec, with an interstimulus interval of 2-3 seconds. Rest periods of 20-30 seconds were provided between the blocks, and the entire test lasted 204 seconds. For the auditory task patients listened to a recording of nouns using a headset. For the visual task a set of pictures depicting objects were shown to the patient on a computer screen (with a white background).
image acquisition and preprocessing
Brain scanning was performed with 2 General Electric scanners: a 1.5-T scanner (for 35 patients tested before June 2008) and a 3-T scanner (for 41 patients examined after June 2008). Using the 3-T scanner, fMRI scans were obtained with a gradient echo-planar imaging (EPI) sequence of functional T2*-weighted images (TR 3000 msec, TE 35 msec, flip angle 90°, FOV 20 × 20 cm, matrix 64 × 64 mm) divided into 39 axial slices (thickness 3 mm, gap 0 mm). Anatomical 3D spoiled gradient (SPGR) echo sequences were obtained with high-resolution 1-mm slices. For the 1.5-T scanner, fMRI scans were acquired with a gradient EPI sequence of functional T2*-weighted images (TR 3000 msec, TE 55 msec, flip angle 90°, FOV 24 × 24 cm, matrix 80 × 80 mm) divided into axial slices (thickness 3 mm, gap 0 mm). Anatomical 3D SPGR echo sequences were obtained with high-resolution 1-mm slices.
Initial data analysis was performed using SPM5 software (http://www.fil.ion.ucl.ac.uk/spm). Preprocessing included slice timing correction, 3D motion correction, and co-registration with the anatomical image. The data were spatially smoothed with an 8-mm full-width at half-maximum kernel. The first 6 functional volumes, prior to signal stabilization, were excluded from the analysis. Functional EPI data were automatically aligned and co-registered with 3D anatomical data and manually corrected as necessary. Functional analysis was performed using a general linear model in which the activation blocks were defined as the predictors. To account for hemodynamic responses, predictors were shifted by 6 seconds.
modalities and localization
Language lateralization was assessed for both the visual and auditory verb-generation fMRI tasks and their conjunction. The selection of brain regions to be considered when assessing language lateralization is still debated in the literature, with results pointing to both a whole-brain approach and Broca's area alone as optimal modes of assessment. 16, 23, 28 To calculate lateralization we employed both a whole-brain 6, 8, 23 and region-specific approach, using Broca's area, the known primary production region, as a region of interest. For the whole-brain approach, 3 regions were removed from analysis, as they appeared to be less specific for language processing and could potentially skew calculations by adding noise. These areas included the occipital lobe, the cerebellum, and the interhemispheric fissure. 2, 6 For the analysis of Broca's Area, anatomical and functional scans were normalized to the Montreal Neurological Institute template (using SPM [statistical parametric mapping]), and functional maps were masked at Brodmann areas 44 and 45 using the WFU-PickAtlas SPM toolbox. 29 As normalization to an anatomical template was required for masking with Broca's area, 7 of the 28 Wada cases were excluded from this analysis because substantial lesions prevented adequate normalization. The remaining 21 patients, including 12 left-, 4 bilateral-, and 5 right-dominance Wada patients were analyzed. The performance of the whole-brain approach in terms of compatibility with Wada results was compared with that of the Broca's area analysis, and the performance of the algorithm using fMRI of each of the modalities (visual and auditory) was compared with their conjunction in a similar manner.
lateralization index assessment
Functional MRI Maps at Different Activation Thresholds Classically, to produce fMRI activation maps, an LI cutoff threshold must be applied. While choosing a permissive threshold will yield activation in most brain regions, choosing a strict threshold will result in the analysis of only the strongest regions of activation. Hence, a permissive threshold has the potential to include noise from nonrelevant brain regions, but a strict threshold has the potential to be unreliable because it is based on a small number of voxels. As previous studies have chosen to use various thresholds, the threshold problem has become a significant issue that is greatly debated in the literature. 31 To deal with this issue, we calculated the LI for a range of thresholds, from the most permissive to the most strict (Fig. 1) , and we performed machine learning to allow the algorithm to choose the best threshold or combination of thresholds for classification. In accordance with Chlebus et al., 13 the thresholds were chosen on the basis of the activation percentage acquired from all brain voxels. For example, a 10% threshold results in the analysis of only one-tenth of possible brain voxels (the 10% with the strongest activation). For the whole-brain analysis, percentage thresholds ranged from 0.1% to 50% of all brain volume voxels (91 thresholds in total). Ten representative thresholds in a logarithmic scale-50%, 25%, 12.5%, 6.3%, 3.1%, 1.6%, 0.8%, 0.4%, 0.2%, and 0.1%-were used for further statistical and classification analysis. For the Broca's area analysis, these thresholds were adjusted due to the decrease in total volume analyzed. Percentage thresholds ranged from 4.4% to 100% of the total volume for Brodmann areas 44 and 45. Further statistical analysis was also conducted on 10 representative thresholds in log scale: 100%, 70%, 50%, 35%, 25%, 17%, 12.5%, 8.8%, 6.3%, and 4.4%. This procedure produced fMRI activation maps for each representative activation threshold. In total, 60 maps were created for each patient: 2 regional approaches (whole brain and Broca's area) × 3 modalities (visual, auditory, and conjunction) × 10 representative thresholds.
Lateralization Index Calculation
Next, for each of the 60 threshold maps per patient, we calculated the LI using a standard lateralization formula,
where L ε and R ε represent the sum of activation remaining using a threshold of ε for the map of the left and right hemisphere, respectively. This calculation produced a value between −1 and 1, with complete right or left lateralization represented by LI values of −1 or 1, respectively, and complete bilateral dominance represented by an LI value of 0. The LI score was calculated for each of the percentage thresholds across the entire range, with a plot of language lateralization per threshold obtained for each patient.
machine learning

The Algorithm
The purpose of the current study is to provide each patient's probability of having left, bilateral, or right dominance of language processing. To produce language dominance probabilities (LDPs), we applied logistic regression, a probabilistic machine-learning algorithm (available in a supplementary Appendix, published online only; please refer to the Supplementary Information section at the end of the article). Logistic regression examines the distribution of different groups, in this case using the LI threshold's specific values and additional clinical and neuropsychological measures, to indicate the probability of a novel data set as belonging to each group. 9 Specifically, the algorithm starts by classifying patients into 2 groups-left and nonleft dominance-and then proceeds to further classify the nonleft group into bilateral or right dominance groups. "Ground truth" classification labeling is provided by the Wada test, which was performed on 28 of the patients included in our study. However, due to this relatively small sample size, the use of these 28 labeled examples may be insufficient for studying the distribution of the different groups, particularly for the bilateral and right groups, which had fewer patients. We thus compared supervised learning to semi-supervised learning. Semi-supervised learning is a relatively new branch of machine learning, allowing the use of nonlabeled data (in this case, patients without Wada lateralization) to improve classification. 3, 12 In this work we applied the semi-supervised logistic regression method introduced by Amini and Gallinari. 3 
Evaluation
To correctly evaluate the validity of an algorithm, it is customary in machine learning to separate the training group from the test group. When using small study groups, one of the most commonly used methods is the leave-oneout approach. 26, 41 In this approach, the data set of each sub- ject who performed the Wada examination was removed from the data, and the algorithm had to learn from the data of the remaining subjects (training set). Finally, classification of the removed subject, using the parameters learned from the training set, was evaluated against the Wada result (test set). To evaluate the final competence of the lateralization method proposed in this study, we performed the semi-supervised logistic regression algorithm 28 times, each time leaving one of the labeled patients out of the analysis. Thus, the analysis contained 27 labeled patients and 48 unlabeled patients each time it was performed and calculated the patient's probability of belonging to each of the lateralization groups.
Neuropsychological testing
Neuropsychological testing was conducted with 50 of the 76 patients. The specific tests to be used were determined by an expert neuropsychologist (F.A.) based on the clinical needs of each patient. Therefore, not all tests were performed for all patients. Overall, the tests included 2 language and 4 memory measures. The language tests included the Hebrew version of the Boston Naming Test 25 and the Hebrew version of the Controlled Oral Word Association Test. 24 The memory tests included the Rey Auditory Verbal Learning Test 39 and 3 subtests from the Wechsler Memory Scale:
43 Logical Memory II (delayed recall), Verbal Paired Associates II (delayed recall), and Faces I (Table 2) . Thirty-three patients, 18 of whom had undergone the Wada test, performed all 6 measures. For the combined analysis, clinical, neuropsychology, and fMRI data were used, with a total of 20 heterogenic features that were fed into the algorithm. The algorithm then calculated the best combination of the data for classification. The features included 6 neuropsychological measures; 10 fMRIbased LIs calculated from 10 thresholds; and clinical data, which consisted of hand dominance, age of epilepsy onset, duration of epilepsy, and the expected hemispheric location of the epileptic foci. In addition, language measures only were administered to an additional group of 12 patients, resulting in a total of 45 patients (23 of whom had also undergone a Wada test). In this group, we excluded the 4 memory neuropsychological measures, and thus in- cluded only 16 features. In the comparison stage, we thus evaluated whether improved classification can be achieved when feeding the algorithm clinical and neuropsychological data in addition to the fMRI-based LIs.
comparisons
Five comparisons were made to evaluate each of the components of the proposed algorithm: 1) single-threshold analysis, feeding the algorithm with LIs of just 1 of the 10 representative thresholds, was compared with multithreshold analysis, feeding the algorithm with LIs of all 10 representative thresholds and allowing it to determine their optimal combination for classification; 2) single-modality-based analysis (visual or auditory) was compared with the conjunction analysis; 3) supervised logistic regression (only Wada-labeled patients) was compared with semi-supervised regression (analyzing both Wada and non-Wada patients); 4) a whole-brain approach was compared with analysis using Broca's area only; and 5) weighting of the clinical and neuropsychological data with the fMRI data was compared with fMRI data alone. All analyses were compared by evaluating the algorithm's LDPs with the lateralization groups determined by the Wada test. For example, if the Wada test produced a left lateralization, then the LDP pointing to left lateralization was taken as the correct probability for classification. Due to the small number of patients in each lateralization group, the nonparametric Wilcoxon test was used to compare between the different analyses. In addition, to evaluate the added benefit of the machine-learning algorithm used in this study over classical methods, we compared our results with the results of a single-threshold and cutoff lateralization method. Janecek et al., 22 who conducted the most comprehensive study comparing Wada and fMRI (229 patients), used LI cutoffs of +0.25 and −0.25 to classify patients into left versus nonleft and bilateral versus right groups, respectively. Therefore, we applied the method used by Janecek et al. to our data and compared its classification to our results.
intracarotid amobarbital (wada) procedure
Patients underwent an intra-carotid artery procedure according to the TASMC routine protocol.
4,5 Following a vascular anatomy examination, a catheter was placed in the internal carotid artery using a transfemoral approach. None of the patients exhibited evidence of significant cross-flow or anomalous vascularization that could affect the interpretation of the test results. Intra-carotid artery injection of an anesthetic drug (sodium amytal, Brevital, or etomidate) was administered by syringe through the catheter. The hemisphere ipsilateral to the epileptogenic focus was injected first. Language testing was followed by the presentation of 8 objects, beginning with the establishment of contralateral hemiplegia. Language evaluation involved the following 4 tasks: naming 8 objects, reading, following simple commands, and repeating words and sentences. Disruptions during any of these language tasks or the appearance of paraphasia upon recovery were considered signs of language localization in the injected hemisphere.
results
Functional Network patterns
Functional MRI activations were typically found in regions considered to be part of the language-processing functional network, 33 consisting of the inferior and middle frontal gyri, the premotor cortex, the supplementary motor area, and the anterior insula (frontal regions), along with the superior temporal sulcus, the supramarginal gyrus, and the angular gyrus (posterior regions). Activations were also found in the cerebellum and regions of the parietal and occipital lobes. The visual verb-generation task produced strong activations in the primary and secondary visual cortex, while the auditory task typically activated the auditory cortex in the superior temporal gyrus and sylvian fissure.
When analyzing the conjunction of the visual and auditory tasks along with the removal of the cerebellum, occipital lobe, and interhemispheric fissure, a more classic language network of activation was observed. However, additional nonspecific regions, such as regions in the parietal lobe and prefrontal cortex, were sometimes observed as well.
Functional mri laterality index of wada patients
Six graphs (3 modalities × 2 regional approaches) of LI per threshold were created for each patient, from a strict analysis of only the strongest 0.1% activations to a permissive analysis of 50% of brain regions. The results of the auditory-visual conjunction and whole-brain analysis of 28 Wada patients are shown in Fig. 2 . All patients with a Wada result of left lateralization showed a positive LI for the entire threshold range and typically showed an increase in laterality as thresholds became more stringent. All patients with a Wada test result of right lateralization showed a negative LI for the entire threshold range and typically showed a decrease in laterality as thresholds became more stringent. Four of 5 patients with a bilateral lateralization Wada test result showed a negative LI for the entire threshold range, but generally with a weaker lateralization polarity in comparison with right-lateralization patients.
machine learning
Using the leave-one-out approach by combining Wada and non-Wada-labeled data (semi-supervised), conjoining visual and auditory maps, and allowing the algorithm to depict optimal thresholds, we found that all 17 left-Wada patients revealed the highest LDP for left language lateralization (100% success), 4 of 5 bilateral Wada patients showed the highest LDP for bilateral language lateralization (80% success), and 4 of 6 right-Wada patients showed the highest LDP for right language lateralization (67%). The final results and probabilities produced by the algorithm are summarized in Fig. 3 .
In the machine-learning algorithm, weights are produced for each threshold in accordance with their significance for classification. The algorithm's final decision regarding the most informative fMRI activation thresholds differed between the classification of left versus nonleft and the classification of bilateral versus right. While the algorithm found that a strict threshold (0.1%) better represented the difference between left and nonleft lateralization, it also found that a more permissive threshold (6.3%) better represented the difference between bilateral and right lateralization in patients.
statistical comparison of analyses
To establish the best variables to be considered for lateralization determination in common clinical practice, we compared different possible approaches.
Multithresholds Versus Single Threshold
The results of 1 multithreshold analysis and 10 singlethreshold analyses were compared. This was performed to evaluate whether a combination of thresholds provided better or worse classification compared with the use of single thresholds. For each Wada-labeled patient (28) and threshold method (11) , the leave-one-out logistic regression produced a probability for each patient to have left, bilateral, or right language dominance. The compatible value of probability of the Wada label was then acquired from these 3 values. For example, if the Wada test produced a left lateralization, then the LDP pointing to left lateralization was taken as the probability for correct classification. For each patient, the 11 analyses were ranked according to their probability of compatibility with the Wada labeling. Figure 4 upper shows the average ranking across patients of each analysis. Among the single thresholds, the strictest threshold of 0.1% produced the best ranking, while the ranking of the combination of thresholds was lower (better ranked) than each of the single thresholds alone. The Wilcoxon signed-rank test, corrected for multiple comparisons using the Holm-Bonferroni correction, showed that this effect was significant for the comparison of all single thresholds (Z > 2.3, p < 0.05), with the exception of the strictest threshold (Z = 1.6, p = 0.11). When including only bilateral and right Wada cases (n = 11), the optimal threshold was 6.3% (Fig. 4 lower) . For this group of patients, using the Wilcoxon signed-rank test to compare the combination approach to a single-threshold approach did not reveal a statistically significant difference (p > 0.05).
Multimodality Versus Single Modality
We hypothesized that using a combination of visual and auditory verb-generation tasks would produce superior LDP results as opposed to using only a single modality (Supplementary Figure 3) . We therefore performed the same logistic regression analysis on the LIs obtained from each of the 2 modalities (visual and auditory) and their conjunction. The Wilcoxon signed-rank test, corrected for 3 multiple comparisons using the Holm-Bonferroni correction, showed that the probability of obtaining a Wadacompatible label was significantly higher for the conjunction analysis compared with the visual analysis (Z = 4.46, p < 0.001) or the auditory analysis alone (Z = 4.55, p < 0.001). No significant difference was found between the visual and auditory analyses (Z = 0.2, p = 0.84).
Supervised Versus Semi-Supervised Machine Learning
To establish whether additional patients without Wada labeling contributed to the success of the algorithm, we compared the algorithm results of the supervised approach (including 28 patients with Wada labels) with the results of the semi-supervised approach 3 (including all 76 patients). For all but 1 patient (Case 27) a higher probability for Wada-compatible labeling was achieved using the semi-supervised method. A Wilcoxon signed-rank test showed that across all patients the probability for Wadacompatible labeling was significantly higher for the semisupervised logistic regression than the supervised logistic regression (Z = 4.2, p < 0.001).
Whole-Brain Versus Broca's Area Approach
LDPs of 21 Wada-labeled patients were considered for Broca's area analysis (see Methods and Supplementary Fig. 2 ). For all but 1 patient (Case 28), a higher probability Wada-compatible lateralization was achieved using the whole-brain approach (supervised, multithreshold) compared with analyzing Broca's area only. A Wilcoxon signed-rank test showed that across all 21 patients, the probability for Wada-compatible labeling was significantly higher for the whole-brain approach than for the Broca's area approach (Z = 3.96, p < 0.001).
Combined Clinical, Neuropsychological, and fMRI Data Versus fMRI Data Alone
When providing the algorithm with clinical and neuropsychological data, along with the fMRI LI scores (20 features in total, see Methods), the algorithm continues to choose the strongest weights for fMRI LI scores alone, indicating that they are the most informative for lateralization. fMRI LI scores only were used for classifying left and nonleft cases. The side of the lesion was also taken into account for differentiating right and bilateral patients. For 1 patient (Case 23), the leave-one-out algorithm used the results of the faces test in addition to fMRI LI scores for classification, although with a much weaker weight. Comparing final LDPs between the fMRI analysis alone and the multianalysis using fMRI, clinical, and neuropsychology data showed that the analysis of fMRI alone produced a higher probability for Wada-compatible labeling for the majority of patients. Specifically, fMRI alone outperformed the multiparametric approach in 21 of the 23 patients with neuropsychological language tests, and in 16 of 18 patients with both language and memory neuropsychological data (Cases 3 and 23 were exceptions). A Wilcoxon signed-rank test showed that the probability for Wada-compatible lateralization was significantly higher for the fMRI data alone than the combination of fMRI, clinical, and neuropsychological data (Z = 3.34, p < 0.001 for fMRI data alone vs neuropsychological language data only and Z = 3.05, p < 0.05 for fMRI data alone vs both language and memory neuropsychological data).
LDP Versus Standard Cutoff Procedure
Applying the method used by Janecek et al. 22 to our data, we found that 16 of the 17 left-dominant Wada patients and all right-dominant Wada patients would have been classified correctly (Wada compatible); however, none of the 5 bilateral Wada cases would have been correctly (Wada compatible) classified. As our results show a tendency for this group to have negative LI values, they would have all been classified as right lateralized. Thus, using the classical cutoff method, 22 patients out of the 28 patients were classified in accordance with their Wada result (78%).
discussion
We present a new, automatic method for providing neurosurgical candidates and their clinicians with the probability for language lateralization. Of the 28 patients who underwent a Wada examination (17 left, 5 bilateral, and 6 right dominance according to the Wada test), 25 patients exhibited the highest probability for left, right, or bilateral dominance that was consistent with the lateralization provided by this invasive method. This represents a success rate of 89.3% in correspondence to the Wada test. Interestingly, 4 of the 5 bilateral patients showed more activation in the right hemisphere making the classification between bilateral and right classes a relatively difficult task. This corresponds to previous reports in the literature that have grouped the bilateral and right patients into 1 group (the "atypical" lateralization group 44 ). The algorithm used in the present study was thus 96% successful in classifying left-dominant patients and further differentiating them from the other 2 groups (bilateral and right-dominant patients). Moreover, the algorithm was 82% successful in differentiating bilateral and right-dominant patients, with only 2 right-dominant Wada patients exhibiting a highest probability for bilateral dominance using fMRI. Thus, despite the fact that the right and bilateral patient groups have close lateralization profiles, it is still possible to further classify them, providing informative probabilities for language dominance. In contrast, the standard state-ofthe-art laterality classification algorithm 22 indicated less than chance performance (5 of 11 Wada-compatible classifications) for this atypical group. It must be taken into consideration that the algorithm's success rates presented here are based on the Wada examination being used as a "ground truth" comparison. Since the Wada test may also produce erroneous lateralization in a minority of cases, 27, 30 the true success rates for lateralization may be slightly better or worse than those presented.
Producing a probabilistic output for individual patient language laterality is one of the main advances of this study. Both clinical teams and patients are specifically concerned about the probability of surgery resulting in language deficits. Providing them with the probability of language lateralization does not directly address this concern, since cognitive deficiencies following surgery are a function of additional variables, such as the location and extent of resection, vascular damage during surgery, and the quality of intraoperative mapping. However, the probabilistic output of the method described in this work takes the clinicians a step further toward assessing this risk, and in our experience this step is of great value for both the neurosurgeon and the patient.
To date, the common practice in presurgical mapping involves a qualitative assessment of language dominance based on fMRI activation maps. Though a number of techniques have been suggested for a quantitative classification of lateralization groups, they have not been widely used in clinical settings. Some studies have classified patients into different groups using a cutoff threshold of the lateralization value. 6, 37 Because different thresholds may produce opposite lateralization results, 23 the threshold problem has become a significant issue in the literature, 30 and different thresholds have been applied. In the present study, we adopted the algorithm used by Janecek et al., 22 the most comprehensive study comparing Wada and fMRI results (229 patients), to our lateralization data. However, this algorithm provided unsatisfactory results (none of our 5 bilateral Wada cases were classified in accordance with the Wada test result). Thus, the advantage of the machinelearning method proposed here is 2-fold: it allows the algorithm to choose the most informative thresholds in a modular fashion (different thresholds can be chosen to differentiate between the different laterality groups), and it provides a probability instead of a strict classification.
In an attempt to characterize optimal LDP methodologies, the current study tested 5 main inquiries including 1) multiple versus single thresholds, 2) semi-supervised versus supervised learning, 3) multiple versus single modalities, 4) whole-brain versus regional analysis, and 5) the advantage of combining clinical and neuropsychological information with fMRI LIs. Given the limitations of the Wada test as a gold standard, 27 the results of our analysis showed the following: 1) performing machine learning on a combination of multiple thresholds produces better results than machine learning that is based on each single threshold (moreover, multithreshold analysis has the ability to detect the best thresholds for each of the 2 classifications: when classifying between typical [left] and nontypical [right or bilateral] dominant patients, it is preferable to use only brain regions showing the strongest activations, and when classifying within the atypical group [right vs bilateral] the use of a larger brain network is required); 2) combining visual and auditory fMRI data outperformed single-modality analysis (visual or auditory alone); 3) the inclusion of patients without invasive Wada labeling (semi-supervised learning) added substantial information over the labeled data set alone (supervised learning), as 27 of the 28 patients had a higher probability of classification that matched the Wada test results when including information provided by the non-Wada group; 4) a wholebrain approach was found to be superior to the regional approach, using Broca's area only; and 5) clinical data and neuropsychological testing did not increase the success rate of the algorithm, at least not for the study group presented here, and the fMRI results were found to be sufficient for probabilistic classification.
Despite the promising results found in the current study, several limitations must be considered. In the analysis presented, the results of the Wada test are considered the gold standard for language lateralization; however, several studies have shown that the Wada test can be misleading in a minority of patients. 27, 30 Future work may include postoperative neuropsychological testing as well as intraoperative language mapping to more firmly establish the laterality used as a gold standard. Additionally, the number of bilateral and right-dominant patients ascertained from the Wada test is quite small; thus future work should increase this atypical dominance group to better establish lateralization, possibly by adding patients with alternative invasive validations.
conclusions
The output of the current study presents an automatic method for calculating the probabilities of any patient as having left, bilateral, or right language dominance prior to surgery. Compatibility with invasive lateralization was achieved for 89% of patients. The bilateral group showed fMRI activation profiles more similar to the right-dominant group than to the left-dominant group. The inclusion of patients without invasive Wada labeling added substantial information over the analysis using only the labeled data set. This is one of the few reports to provide the probability for language lateralization of patients with epilepsy based on fMRI, and the first report that we know of to use semi-supervised learning to investigate this matter. Accuracy improved by enlarging the group of patients the algorithm uses for learning by complementing the results obtained in Wada-lateralized patients with those obtained in patients who did not undergo invasive lateralization. It is also one of the few reports, if any, using different thresholds to classify the different laterality groups. No predetermined parameters are necessary, such as an a priori determination of threshold. This work provides an initial database of patients with known lateralization ascertained from invasive procedures, and such future patients will help to further enrich this database, thus advancing toward improved classification accuracy for all patients to follow. The presented technique is not limited to language lateralization and can be directly implemented to other cognitive processes such as memory, attention, and reasoning. We hope that this work and future implementations of it will be of significant value in providing a quantitative and objective estimation of lateralization of cognitive processes for both the clinical and scientific communities. The software described in this paper can be obtained at http:// fmri-tlv.org.
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